ABSTRACT In this paper, the methodology for short-term line maintenance scheduling in distribution network with PV penetration is proposed, in which the mixed randomness and fuzziness of solar power generation concerning the available cloud amount forecasting, along with other random or fuzzy factors, such as electricity demand and component historical failure rate, are considered. First, based on the obtained historical data from NASA, the empirical mapping from cloud amount to solar irradiance can be established where the uncertainty is represented by combining randomness and fuzziness. Second, the short-term line maintenance scheduling of distribution network with uncertainties is modeled by using random fuzzy chanceconstrained programming aiming at minimizing the pessimistic value in terms of economics and reliability subject to the chance constraints. Finally, a hybrid intelligent algorithm with two-layer optimization is implemented to solve the model. Simulation experiments are carried out on the IEEE 33-Bus and IEEE RBTS 2-Bus systems, and the results demonstrate the effectiveness of the proposed short-term line maintenance scheduling solution for distribution network with the mixed uncertainties of randomness and fuzziness.
I. INTRODUCTION
In recent years, the regulators have made much effort in promoting the reliability and security of power supply in electric distribution networks [1] . However, distribution network maintenance is one of the main reasons of power outage for customers [2] . Consequently, power utilities requires optimization solution to determine the maintenance schedules, i.e. which and when to be maintained within the allowed time periods, as the distribution network maintenance can directly lead to the service reliability degradation and operational cost increase [2] . Nowadays, short-term maintenance of distribution network is mainly scheduled based on simple computation [3] . Moreover, with its increasing penetration in distribution network, solar power generation plays a more important role in the power supply-demand balance and then its inherent uncertainty should not be ignored in maintenance schedule [4] . Compared with the transmission network, the distribution network is with lower voltage level and exhibits greater uncertainty in power demand. The uncertainties of solar power generation and electricity demand need to be fully considered, otherwise the maintenance schedule can lead to poor robustness in actual operation, e.g. too conservative or radical due to underutilization of solar power or underestimation of increased load fluctuations [5] . So, when scheduling the short-term line maintenance, with the aim of achieving lower maintenance costs and higher service reliability, it is necessary to make a precise forecast of solar power generation including the description of its inherent uncertainty concerning the cloud amount available from weather forecast; at the same time, the randomness of electric demand and the fuzziness of component historical failure rate should be also fully considered.
In literature, some researches have been devoted to maintenance scheduling of power system. The generation and transmission maintenance scheduling under deregulated electricity market was studied, in which the impact of electricity market was described and coordination optimization between the two maintenance scheduling was focused on [6] . A multi-objective model was proposed to solve the reliabilitycentered maintenance (RCM) planning of an electric distribution system, where maintenance costs and reliability index were considered [7] . The age-dependent maintenance strategies of circuit breakers and transformers were proposed by developing a functional relation between failure rate and maintenance measures [8] . A comprehensive RCM model for transmission components was studied and particle swarm optimization (PSO) was used to extract the optimal RCM strategy. A security-constrained transmission maintenance scheduling model for transmission facility owner in a deregulated electricity market was investigated [9] . A dynamic game-based maintenance scheduling mechanism for different owners was proposed by using a bilevel model [10] . A multi-objective maintenance decision-making model based on DS (Dempster-Shafer) evidence theory was researched [11] . Furthermore, other studies were implemented on how to cope with the uncertainties in maintenance scheduling [12] . In [13] and [14] , the short-term maintenance planning was studied to minimize the operation cost over scheduling period in which the reserve constraints are used to handle the uncertainties. However, the deterministic approach may be inappropriate in the presence of large disturbances, although the reserve constraints may help to deal with the risks induced by the fluctuations of load demand and renewable generation. In [15] , the random outages were simulated by using Monte Carlo technique and a stochastic optimization framework was presented to address the generator maintenance scheduling. In [16] and [17] , a probabilistic approach was proposed to take forced outages rate into account in solving the maintenance scheduling. The uncertainty in forecasted price scenarios was included in maintenance scheduling [18] . A stochastic maintenance scheduling model was proposed for power producers to optimize their payoffs, considering the uncertainty of market prices [19] . In [20] , the stochastic short-term maintenance scheduling was researched, in which the scenarios of hourly demand and rivals' generation were considered. In [21] , stochastic co-optimization of midterm and short-term maintenance scheduling was researched, in which uncertainties are represented by Monte Carlo based scenarios generation. In [22] and [23] , fuzzy logic theory was applied in maintenance scheduling, and the fuzzy fitness function optimization in genetic algorithm or PSO was used to solve the model.
As confirmed by Ghazvini et al. [20] , the intermittent renewable generation are the main sources of uncertainty in short-term operation, and hence need to be included in decision-making for maintenance scheduling. In this paper, a methodology for short-term line maintenance scheduling in distribution network with PV penetration considering randomness and fuzziness is proposed. The contributions of this paper are threefold: (1) To the author's best knowledge, few studies have integrated solar power forecasting into maintenance scheduling of distribution network when only the cloud amount is available from weather forecast. Solar power generation can be forecasted according to the random fuzzy mapping from cloud amount to solar power irradiance which is modeled according to the actual historical data in NASA; (2) The mixed fuzzy and random representation of solar power generation concerning the cloud amount, along with the uncertainties of the forecasted load demand and the element historical failure rate respectively described by Gaussian distribution and triangular membership functions, is integrated in the line maintenance scheduling model, and the constraints for the chance of these random fuzzy events are considered; (3) Both economics and reliability are included in the optimization objective of minimizing the pessimistic value, with random fuzzy constraints holding at least some given confidence levels. A hybrid intelligent algorithm combining the random fuzzy simulation based heuristic load transfer method and the improved PSO is implemented. Although the proposed approach is focused on line maintenance scheduling, it can be extended to the maintenance scheduling for other components of distribution network with PV penetration when cloud amount information is available from weather forecast.
The remainder of this paper is organized as follows. Random fuzzy theory is introduced in Section 2. The uncertain factors and the maintenance schedule of distribution network are modeled in Section 3. Section 4 presents the hybrid intelligent algorithm for solving the model. The simulation results are given in Section 5. The conclusions are drawn in Section 6.
II. RANDOM FUZZY THEORY
In many realistic systems, the randomness and fuzziness may simultaneously exist. In order to describe this phenomenon, a random fuzzy variable is introduced as a fuzzy element taking ''random variable'' values [24] . A random fuzzy variable ζ may be regarded as a function from a credibility space ( , P( ), Pos) to the set {ζ (θ, ·) |θ ∈ } of random variables.
A. DEFINITION OF PRIMITIVE CHANCE
Let ξ = (ξ 1 , · · · , ξ n ) be a random fuzzy vector and f : R n → R m be a real-valued function. The primitive chance of random fuzzy event
In (1), Cr{·} = 1 2 (Pos{·} + NEC{·}) is the credibility measure of a fuzzy event {·} where Pos{·} and NEC{·} are the possibility and necessity of the event {·}, respectively. The primitive chance represents that the random fuzzy event holds with possibility α at probability β.
B. OPTIMISTIC AND PESSIMISTIC VALUES
For each given decision x, the objective function f (x, ξ ) is a random fuzzy variable for random fuzzy parameter ξ and functional form f . To quantify f (x, ξ ), two important values, i.e. optimistic and pessimistic values, are introduced [25] .
For any given decision x,
is called the (γ , δ)-optimistic value to the function f (x, ξ ). This means that the function f (x, ξ ) will reach upwards of the (γ , δ)-optimistic valuef with possibility δ at probability γ . Similarly,
is called the (γ , δ)-pessimistic value to the function f (x, ξ ). This means the function f (x, ξ ) will be below the (γ , δ)-pessimistic value f with possibility δ at probability γ .
III. OPTIMIZATION MODEL OF SHORT-TERM LINE MAINTENANCE SCHEDULE OF DISTRIBUTION NETWORK A. MODELING FOR SOLAR POWER CONSIDERING UNCERTAINTIES
The approaches of short-term solar power generation forecasting are divided into two categories: 1) indirect forecasting; 2) direct forecasting. In indirect forecasting method, the solar irradiance is predicted first, and then solar power generation is forecasted considering the specific parameters of PV panels [26] , [27] . In direct forecasting method, with the historical data of solar power generation, the time-series prediction is implemented [28] , [29] . As the cloud cover is the main factor affecting solar irradiance and solar power generation, the indirect forecasting method usually has higher precision than the direct forecasting. Considering the cloud amount information is given in weather forecasting, in this paper a kind of indirect forecasting method for solar power is proposed by utilizing the cloud amount. Moreover, since the solar power has inherent intermittence, in any prediction for the following day errors cannot be avoided and consequently in order to represent its fuzziness and randomness the random fuzzy mapping from cloud amount to solar irradiance is modeled with the actual historical data in NASA. The PV power generation can be determined as follows
where Y PV is the rated power under standard test conditions (STC), f PV is the de-rating factor, G T is the average solar radiation received by PV panels at the current moment, G T, STC is the average solar radiation under STC, α P is the temperature affection factor, T C, STC is the PV cell temperature under STC, T C is the PV cell temperature at the current time. As suggested in [30] , the approximation expression of T C is a function only of G T . Therefore, the solar power generation can be determined if G T is known. The ground reflected radiation is considered insignificant compared with the direct and diffuse radiation. Hence, G T can be calculated by
In (5), the two items on the right-hand side are the direct and diffuse solar radiation on PV panels; D and S are the direct and diffuse solar radiation on the earth's surface; γ is the slope angle of PV panel, and θ is sun incidence angle on PV panel determined by cos θ = cos γ cos α + sin γ sin α cos(−β), where α and β are the zenith and azimuth angle, respectively.
Here, D and S can be obtained as follows
In (6) and (7), S 0 and D 0 are the direct and diffuse solar radiation in the cloudless weather, and Dp and Sp are the direct and diffuse irradiation correction factor caused by the cloud, respectively. In the calculation ofS 0 and D 0 , the REST (reference evaluation of solar transmittance) model and the modified C-REST model can be applied, respectively [31] , [32] .
Cloud amount c, an integer from 0 to 10, is given in weather forecast. For a certain c, its corresponding cloud coverage percentage z% is a fuzzy variable defined on a possibility space (Z , p(Z ), u c ) where Z is a nonempty set {0, 1, · · · , 100}, p(Z ) is the power set of Z , and µ c is the possibility measure shown in Fig. 1 [33] . For a given z%, its corresponding correction factors Dp and Sp can be derived from a large number of data pairs [z%, D] and [z%, S], given in the historical data in NASA. For each D and S, its corresponding D 0 and S 0 can be calculated by the REST and the modified C-REST models. So, according to (6) and (7), the data pairs [z%, Dp] and [z%, Sp] are available. For each z%, the frequency histograms of its corresponding Dp and Sp are researched and it is discovered that they do not follow any theoretical distribution. In this case, the empirical distribution is used to describe the distribution of Dp and Sp corresponding to certain z% [34] . The empirical cumulative distribution function (ECDF) is established as follows. The random variable is denoted as V , which is the possible values of Dp or Sp. Under conditions that the actual distribution function F(V ) is unknown and a random independent monotone increasing sample x 1 , · · · , x l obtained in accordance with F(V ), is given, approximations to F(V ) can be constructed using data x 1 , · · · , x l . FIGURE 1. Possibility measure of cloud coverage percentage.
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The ECDF is mathematically described as
where
It is shown in (8) that the ECDF assigns probability 1/l to each of l observations x 1 , · · · , x l . The ECDF for any given value V is calculated by adding all probabilities for the observations with a value smaller than the given one.
In summary, cloud coverage percentage z% is a fuzzy variable with respect to cloud amount c, Dp and Sp are random variables with respect to cloud coverage percentage z%; and then, the power generation is a random fuzzy variable with respect to cloud amount c.
B. MODELING FOR UNCERTAINTIES OF COMPONENT HISTORICAL FAILURE RATE AND ELECTRICITY DEMAND
Since the statistical information on the failure frequency of distribution components is somewhat uncertain, the component failure rate FP is defined as a triangular fuzzy variable (fr l × FP sta , FP sta , fr u × FP sta ). FP sta (failures/year) is estimated as average failures per year over the exposed years. According to statistics theory, the quantity of 2 times the outages F in the duration Y follows χ 2 distribution with 2Y degrees of freedom. Therefore, for a given significance level α FP , it can be asserted that the failure rate FP falls into the interval FP =
= FP with the probability 1 − α FP . The two parameters fr l and fr u in the membership function of FP can be calculated using FP , FP , FP sta , and α FP 2. The range represented by the two endpoints can also be adjusted by experienced engineers, particularly when the effects of weather, environment, or operation conditions on a failure rate are considered. Refer to [35] for more details.
In the distribution network, the electricity loads and their fluctuations at some nodes are small, and hence the demand uncertainties at these nodes can be ignored. While for the other nodes, the real hourly electricity demand P for the following day can be assumed to follow a Gaussian distribution N (P pre , σ 2 ). Based on the obtained statistics, P pre is usually assumed to be the day-ahead predictive value, and variance σ can be determined according to the historical data.
C. MODELING FOR SHORT-TERM LINE MAINTENANCE SCHEDULING OF DISTRIBUTION NETWORK CONSIDERING UNCERTAIN FACTORS
In the short-term line maintenance schedule, the optimization objective is to minimize the maintenance costs, consisting of the breakers operational costs and the loss of profit from the unserved energy. Moreover, the reliability optimization should also be included in maintenance decision-making by considering the statistical results of distribution elements failure rate from the historical data. If two maintenance schemes have similar maintenance costs, the one that will transfer the load to the lines with a higher rate of occurrence of failures is undesirable.
It is assumed that the maintenance of M elements must be completed within the scheduling period T . The maintenance duration D i of element i is known. Usually, once the maintenance of an element is started, the maintenance status should be kept continuously till it is finished. The starting time s i for maintenance of element i is the variable to be optimized. Also, a maintenance schedule matrix W M ×T is introduced, in which the 0-1 value of w m,t represents the maintenance status of element m at the time t, i.e. 1 if the element is on maintenance and 0 otherwise. In maintenance schedule, since there are some inherently uncertain factors, such as the random fuzzy solar power generation, the random electricity demand, the fuzzy component failure-rate electricity demand and so on, the risk has to be considered, referred to as the chance that some unfavorable events will occur. Chanceconstrained optimization can solve the problems with the request that the constraints for the chance of random fuzzy event should hold with at least some given confidence levels. Consequently, the pessimistic values of the random fuzzy economics and reliability objectives at a certain confidence level are considered in the scheduling optimization.
The optimization objective is represented as min
In Eq. (9), f t represents the economic objective, which is the (γ t , α t )-pessimistic value of maintenance costs with possibility α t at probability γ t at the time t. The maintenance costs f t can be formulated as
where p 1 is the switching cost of a circuit breaker, K t is the times of switching operation at the time t, p 2,t is the selling price of energy at the time t, P i,t is the unserved power of node i at the time t caused by maintenance, n BUS is the set of nodes. In Eq. (9), the reliability cost R t addresses the reliability concern in order to evaluate the influence laid by the maintenance on the reliability of distribution network by considering the historical failure rate of element. R t is the (γ t , β t )-pessimistic value of customer interruption cost with possibility β t at probability γ t for the network topology corresponding to the maintenance schedule at the time t. R t can be calculated by
where EN t is the reliability equivalent network at the time t, d r and U r are the equivalent active power and annual outage time of load point r in the equivalent network.
The following constraints are included in the model: 1) Constraints representing not allowed periods of time
where t min m and t max m are the earliest and latest starting time allowed for element m.
2) Mutual exclusiveness constraints between the maintenances of element i and j
3) Simultaneous start constraints for the maintenances of element i and j
4) Maintenance status constraints
5) Maintenance resources constraints
6) Constraints for radial distribution infrastructure
where g t is the topology of distribution network at the time t, and G is the set of radial infrastructures.
7) Nonlinear constraints of power flow in distribution network
where P Gi,t and Q Gi,t are the active and reactive power injection at busi at the time t, P D i ,t and Q D i ,t are the active and reactive load at nodei at the time t, U i,t is the voltage magnitude of busi at the time t, G ij + B ij · j is the mutualadmittance between node i and j, θ ij,t is the voltage angle differences between bus i and j at the time t. N i is the set of buses connecting with bus i.
8) Constraints for the line current
where I l,t is the current magnitude of line l at the time t and I max l is the upper limit of current magnitude of line l.
9) Constraints for node voltage
where U min i and U max i are the allowed minimum and maximum voltage magnitude of bus i. 10) For random fuzzy objectives f t and R t , their pessimistic values with at least some specified confidence level α t and β t are defined by the following chance constraints
IV. HYBRID INTELLIGENT ALGORITHM FOR RANDOM FUZZY CHANCE-CONSTRAINED MAINTENANCE SCHEDULING MODEL
Line maintenance schedule optimization is a decision-making for the scheduling period T and at each time instant of T the load transfers need to be optimized for a certain maintenance task. Consequently, another optimization of load transfers is implicitly included in the maintenance optimization. By observing the above constraints, the constraints (12)- (16) and (17)- (20) are relatively independent. When implementing the optimization of load transfers, the constraints (12)- (16) have already been coped with and only constraints (17)- (20) should be considered. Therefore, a two-layer optimization method is performed to solve the maintenance scheduling model. In the master optimization, the maintenance scheduling decision variables s 1 , · · · , s M are determined by using the improved PSO algorithm [36] . At first, a group of candidate particles s 1 , · · · , s M and their corresponding W M ×T according to (15) , which satisfy the constraints (12)- (14) and (16) , are generated. The generation procedure is illustrated as follows. First, make index j larger than index i for the elements satisfying the constraints (13) and (14) . Second, randomly generate the starting time of maintenance for all the elements in the order of increasing index. If element j has not the constraints (13) or (14) (16) is satisfied; if it is not satisfied, repeat the above procedure from step 2 till it is satisfied. Then, the candidate particles are evaluated by implementing sub optimization algorithm for each scheduled time instant t. In the sub optimization algorithm, the load transfer scheme and its corresponding objective value f t + R t are obtained by the heuristic load transfer method based on the random fuzzy simulation and then sent back to the master optimization. After that, the velocity of each candidate particle is updated according to the best previous position of the particle and the best position among all the particles, and then the position of each candidate particle is updated by considering its new velocity. After updating the positions of the particles, the mandatory correction is carried out to cope with the VOLUME 6, 2018 constraints (12)-(16). For each particle, check whether the starting time s j for maintenance is within its allowed interval determined by considering the constraints (12)- (14) in the order of increasing index j. If there exits the interval constraint violation, s j is pulled back to the closer constraint boundary. As for the maintenance resource constraint (16) unsatisfied at a certain time, the penalty imposed on it is added to the objective function. Such iteration is performed until the number of iteration is reached. The whole procedure of the two-layer optimization method is illustrated by Fig. 2.   FIGURE 2 . The whole procedure of the two-layer optimization method.
The procedure of heuristic load transfer method based on random fuzzy simulation in the sub optimization is illustrated as follows. It is assumed that the electricity demands at q nodes and l types of distribution component failure are considered as triangular fuzzy variables.
Step 1: At the time t, generate N random numbers Rv k 
where u fl (·) is the membership function of failure type l.
Step 2: For z k %, based on its corresponding ECDFs G 1−z k (Dp) and G 2−z k (Sp), derive Dp k,j and Sp k,j (j = 1, · · · , S) by Latin hypercube sampling [37] and then calculate their corresponding solar power generation P PV_k,j according to Eqs. (4)-(7). For q nodes, generate electricity demands
, in order to reduce the correlation among samples of independent random variables, implement Cholesky decomposition to achieve the samples rearrangement.
Step 3: With the sample
, determine the load transfer path TP k,j by a heuristic searching method called the improved candidate restore tree cutting algorithm [38] . When determining the load transfer path, the sectionalizing switchers are given priority according to their reserve capacity. Once a sectionalizing switcher is chosen for service restoration, check whether there exist the constraint violations of line current and node voltage. In the case that the node voltage constraint is violated, the branch load is shed; and if the line current constraint is violated, close another sectionalizing switcher with the second largest reserve capacity and simultaneously open a tie switcher between these two sectionalizing switches. This proposed algorithm can fully exploit the radial structure of distribution network and can easily keep the radial topology. For the determined load transfer path in which the constraints represented by Eqs. (17)- (20) can be satisfied, conduct the power flow calculation and derive the maintenance cost f k,j (j = 1, · · · , S) based on Eq. (10).
Step 4:
Step 5: For the load transfer path TP k,j (j = 1, · · · , S), perform FMEA (Failure Mode and Effects Analysis) and calculate R k,j by using Eq. (11) and considering the historical failure rate of distribution devices; with the sample
Step 6: Repeat Steps 2 to 5 for N times.
Step 7:
Step 8:
Step 9: Return f t + R t and its corresponding load transfer path to the master optimization.
V. CASE STUDIES A. DAY-AHEAD PREDICTION OF SOLAR POWER GENERATION
With the historical observation data at 39.742 • north, 105.18 • west from June 11, 2013 to July 29, 2015 provided by NREL [39] , the ECDFs of Dp and Sp at a certain z% are modeled by using the method presented in Sec. 3. ECDFs of Dp and Sp with z% = 10% are presented in Figs. 3 and 4 , respectively. With the proposed solar power forecasting method, the day-ahead prediction results of the expected hourly solar power generation and the samples by random fuzzy simulation are depicted in Fig. 5 . Interval prediction approach is also a method applied to characterize the uncertainties, in which the upper and lower bounds corresponding to a certain confidence level are given [40] . The interval prediction results with confidence level u = 0.9 and u = 0.8 are also given in Fig. 5 . It is discovered that, the interval prediction method cannot give out the detailed information within the interval and on the contrary, from the random fuzzy sampling, a certain amount of uncertain information can be shown.
B. LINE MAINTENANCE SCHEDULING RESULTS
The proposed method is evaluated by simulations on IEEE 33-Bus distribution network shown in Fig. 6 [41] . The dotted lines are the contact lines and each branch is equipped with a switch. Two groups of PV arrays are installed at nodes 10 and 26, with the maximum solar power of 780 kW and power factor of 0.95. Here, the day of July 30, 2015 is taken as a case study and the day-ahead prediction of cloud amount during the day time is assumed to be 1. The expected solar power generation at nodes 10 and 26 during the whole day are predicted, as shown in Fig. 7 . The electricity demands at nodes 24, 25 and 32 are assumed to follow Gaussian distribution N (P pre , σ 2 ) where σ = 0.1P pre . Failure rates of lines and transformers are assumed to be 0.1 (failures/ km/year) and 0.015 (failures/year), respectively. Their fuzzy characteristics are represented by triangular fuzzy It is assumed that Lines 19-20, 27-28, 12-13 and 13-14, have the maintenance requirement on the following day. The allowed maintenance period for Line 19-20 is 8:00-12:00 and the required maintenance duration is 1h. The allowed maintenance period for Line 27-28 is 10:00-15:00 and the required maintenance duration is 1h. The maintenances of Lines 19-20 and 27-28 are mutual exclusiveness. The maintenances for Lines 12-13 and 13-14 are required to be performed simultaneously, and their allowed maintenance period is 9:00-14:00 with 2h maintenance duration.
The results of maintenance scheduling with the fixed β t = 0.9 and varied α t are presented in Table 1 . As shown in Table 1 , the objective value increases with the increase of α t complying with the intuition that the higher confidence of an uncertain event is required, the more cost should be paid. The decreasing trend of objective function becomes much less evident when α t decreases to 0.7. This can effectively help the maintenance decision maker to choose a better tradeoff between the confidence level and maintenance objective. The maintenance scheduling results with the fixed α t = 0.9 and varied β t are presented in Table 2 , and the similar phenomena can be also discovered. When the maintenance of Line 19-20 is conducted during 10:00-11:00 (α t = β t = 0.9), the load transfer result is to connect the sectionalizing switcher between nodes 12 and 22 and simultaneously disconnect the switcher between nodes 21 and 22 with f t = 143.32 and R t = 1.93. In order to see the influence laid by the reliability issue on the optimization objective, the historical failure rate of the line between nodes 12 and 22 is increased to 5 and the resulted load transfer scheme is changed by connecting the sectionalizing switcher between nodes 8 and 21 and simultaneously disconnecting the two switchers between nodes 21 and 22 and between nodes 20 and 21 with f t = 147.26 and R t = 4.37. The load transfer result is reasonable, i.e. the load should be transferred to the lines with the lower failure occurrence rate.
Also, the proposed method is implemented on IEEE RBTS 2-Bus system depicted in Fig. 8 . PV arrays are installed at nodes 25 and 30, and the expected solar power generation on the following day is given in Fig. 7 Table 3 . By comparing Tables 1, 2 and 3 , another phenomenon can be discovered, i.e. with the increase of confidence levels, the maintenance tends to be scheduled at the time with the higher solar power generation. This phenomenon is desirable with the increasing penetration of solar power into the distribution network and also demonstrates the effectiveness of the proposed line maintenance scheduling solution in this application scenarios. uncertainties of solar power, electricity demands and elements failure rate are not considered, the maintenance scheduling results are presented in Table 4 . The maintenance schedule with the uncertain factors considered with α t = β t = 0.9 is called schedule A and that without considering the uncertainty is called schedule B. It can be seen that in these two scheduling results, the maintenance planning for Line 19-20 and Line 27-28 is different from each other. In realistic uncertain circumstance, the performances of these two maintenance schedules are compared. Take the maintenance periods of Line 19-20 to compare for example. In the case that the electricity demands are 1.2 × P pre and the cloud coverage percentage is chosen to be the larger value with possibility 0.1, i.e. the electricity demands are higher and the solar power generation is lower, the maximum and minimum bus voltage magnitudes, and the maximum line current magnitude in the distribution network are presented in Table 5 . It can be seen that, the minimum bus voltage magnitude in maintenance schedule B is 0.8924 (p.u.) that violates the lower limit 0.9 (p.u.); in contrast, in maintenance schedule A, all the magnitudes of buses voltages and lines currents are within the specified scope. It clearly indicates that, owing to the consideration of the uncertainties of solar power generation, load demand forecasting and element historical failure rate, the proposed maintenance schedule performs with more robustness in facing the actual uncertain circumstances than that with only the expected values of uncertain factors considered.
VI. CONCLUSIONS
In order to promote the robustness of distribution network in real operational situations, the uncertainties introduced by the distributed renewable generators, electricity demands and network components failures need to be fully considered in the short-term maintenance schedule. This paper presents the methodology for short-term line maintenance scheduling in distribution network considering these uncertainties. In the maintenance scheduling model, in order to achieve the dayahead prediction of solar power based on the available cloud amount, the uncertain mapping from cloud amount to solar irradiance is established by combining the randomness and fuzziness, and the uncertainties of electricity demand and element historical failure frequency are represented by random and fuzzy variables respectively. Random fuzzy chanceconstrained programming is implemented to model the shortterm maintenance schedule of distribution network, with the objective of minimizing the pessimistic value of economics and reliability while satisfying the chance constraints and some other constraints for maintenance and power flow. A hybrid intelligent algorithm with two-layer optimization, i.e. the improved PSO integrated with the heuristic load transfer method, is implemented to solve this model. Simulation experiments are carried out to assess the performance of solar power forecasting method and line maintenance scheduling approach. The results demonstrate that the proposed solar power forecasting method can discover more information on uncertainty than interval prediction. Short-term line maintenance scheduling solution can well cope with the mixed uncertainties of randomness and fuzziness aiming at the achievement of more robustness in various real situations maintenance objective.
